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In this paper, the spectrum map of speech samples is used to identify patients with vocal
polypus. Comparing the spectrummap with impulse response in wireless communication
channels, statistical characteristic root-mean square-delay spread (RMSD) and standard
deviation (SD) are employed to describe the speech frequency domain characteristics.
Fuzzy logic system (FLS) is used to make polypus patients diagnosis. RMSD and SD are
used as two antecedents and fuzzy rules are designed based on the data we collected from
polypus patients and normal people. Based on the real data, we demonstrate that the FLS
could be used in polypus patients’ diagnosis with very low probability of miss detection
and 0% false alarm rate.
© 2011 Elsevier Ltd. All rights reserved.
1. Introduction
The pathological diagnosis of the vocal cord is a field which demands more investigation. Traditionally, the methods
of diagnosis are indirect laryngoscope, video-laryngoscope, and stroboscope light [1]. However, most of these methods
need special instruments, and mainly depend on the experience of the pathologists. For the increasing of self-diagnosis
requirements, it is important to develop a method which could diagnosis the illness in vocal cord regardless of the effect of
people who involves in the diagnosis. Speech spectrum analysis is used to solve the problem [2].
Currently, the speech analysis concentrates on the properties of the spectrum. Characteristics in the frequency domain
are commonly used to perform diagnosis. Statistics of perturbations, like Jitter and Shimmer, are employed to determine
whether people are healthy or ill [3]. On the other hand, speech spectrum are also analyzed with the wavelet method [4].
However, almost all these methods are originated from analyzing the speech properties directly, whose performance
could suffer degradation from uncertainties of different people significantly. Speech quality of people with different ages,
genders, living areas, and even different moods would perform differently. Therefore, none of the above methods can give
a satisfactory performance, since they are only based on the properties of the speech.
Voice feature extraction plays an important role in analyzing and characterizing voice content. The key to extract strong
features that characterize the complex nature of voice signals is to identify their discriminatory subspaces. Diagnosis of
pathological voice is one of the most important issues in biomedical applications of speech technology. There are some
approaches for separating pathological from normal voice signals but a few are sophisticated enough to separate two or
more kinds of speech pathologies from each other. [5] introduces an algorithm to discriminate voice pathologies signals
from each other via adaptive growth ofWavelet Packet tree, based on the criterion of Local Discriminating Bases (LDB). Two
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dissimilarity measures were used in the process of selecting the LDB nodes and extracting features from them. Moreover,
the Genetic Algorithm is employed for selecting the best feature set and Support Vector Machines as a classifier to obtain
better results as much as possible. In [6], a probabilistic model, called the Gaussian mixture model (GMM), was used to
differentiate between normal and pathological voices; again, the features used to train the classifier were MFCC along with
their first derivative. In [7] a classifier based on a least square SVMwith three different kernel functions was used to identify
laryngeal pathologies; the features used to train the classifier are statistics estimated from a time–frequency representation
using wavelet decomposition and linear prediction coefficients.
To reach a better diagnosis result, we interpreted human speech in a different way. Instead of focusing on the single air
vibration, we tried to distinguish different kinds of speechwith the source of sounds. All speech is created by airflow filtered
by the throat, then, the throat can be considered as a kind of channel which the signal goes through. When the throat area
gets sick, the properties of the ‘‘channel’’ would change. By studying the changing of ‘‘channel’’ properties, we believe that
the prediction precision could reach a better level. In this research, we abstracted the throat as a channel used in wireless
communication; and some of the properties of this channel were employed to draw predictions, like impulse responses.
The rest of the paper is organized as follows: Section 2 presents the methodology employed in this study. Fuzzy Logic
System and its application to throat polyps detection is presented in Section 3. Performance simulation is presented in
Section 4. Finally, conclusions are drawn in Section 5.
2. Methodology
2.1. Assumptions
The production of human voice is a highly nonlinear process involving biomechanical and aerodynamic effects [1]. And
the voice production mechanism can be affected by numerous factors. The pathological change in voice production organs
will result in many kinds of disorders in voice features. Somemedical tools, such as laryngoscopes and surgical instruments,
are the major means to treat patients. But all of these procedures are invasive and sometimes unreliable due to subjective
analysis by a clinician. A telephony-based assessment system for detection and recognition of the voice abnormality provides
one of the non-invasive and reliable tools inmedical treatment of pathological voice [8]. Both pathological and healthy voices
can be described by several features in their vector spaces. The performance of automatic detecting and monitoring system
of pathological voice crucially relies on feature selection.
It is difficult to find characteristics of the voice signal in the time domain, since only amplitude information can be
obtained in the time domain waveform. As a result, the original signal is transformed into the frequency domain with (1).
r(f ) = w(f )× FT (s(t)), (1)
where s(t) is the original time domain voice signal. w(f ) is the frequency window function; in this paper, a rectangular
shaped window is employed, with a frequency band from 0 to 1500 Hz, corresponding to the frequency band of the human
voice. FT (.) represents the Fourier Transformation operation. r(f ) is the obtained spectrummap of the original signal, giving
the characteristics of the human voice in the frequency domain.
Meanwhile, a continuous speech consists of both vowels and voiced consonants. When producing voiced consonants,
which comes from the vibration of lips and teeth, the vocal cord does not vibrate; however, the microphone can pick up the
useless signals which may bring up interference in the analysis in the later steps. Also, multi-vowels in one speech sample
will result in an aliasing in the spectrummap of the sample. Therefore, in this study, only two vowels are used to determinate
the state of the respondents of the study, normal or polypus. The vowels are /a:/ and /i:/, and each of them continuous for
about 10 s. The samples of vowels are cut from a longer vowel sample, for example 20 s, to make sure that the samples used
in this paper are the stable part of the whole sample. The normalized spectrum map of vowel /a:/ is illustrated in Fig. 1.
From Fig. 1 we can see that in frequency domain, vowel /a:/ involves several main frequencies. Traditionally, only the
fundamental frequency (f0), and 2–3 formant frequencies are focused on in studies. However, compared to the impulse
response of the multi-path channel model in wireless communication, it can be found that, the spectrum map of voice and
the impulse response ofmulti-path channels share a similar shape in the frequency domain and time domain independently.
This is the same in study of the vowel /i:/. Based on this fact, we can employ the characteristics of wireless channels to
evaluate the voice samples, furthermore, to perform diagnosis.
In multi-path channel analysis, several statistical characteristics are used to describe the channel performance, such as
root-mean square-delay spread (RMSD), the total multi-path gain, and the power delay profile (PDP) [9].
In conventional propagation research, it is assumed that interaction with environmental objects only leads to a change
of direction and an attenuation of the MPC. Therefore, the signal arriving at the receiver is the sum of scaled and delayed
replicas of the transmit signal and the impulse response h(τ ) of the channel is
h(τ ) =
N−
k=1
akδ(τ − τk) (2)
where ak and τk are the gain and delay of the i-th MPCs, respectively.
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Fig. 1. Spectrum map of /a:/.
The power delay profile is the small-scale averaged instantaneous power delay profile P(τ ) = |h(τ )|2 [10] where h(τ )
is the multipath CIR defined in (2).
The root-mean square-delay spread (RMSD) is a good measure of multipath spread. It is defined as
τrms =

∑
d
p(τk)τ 2k∑
d
p(τk)
−

∑
d
p(τk)τk∑
d
p(τk)
2. (3)
The total multi-path gain G can be obtained from the CIR in (2), it represents that sending a pulse of unit energy, the total
energy obtained from the received N pulses.
G =
N−
k=1
|ak|2. (4)
From the introduction above, we can see that RMSD can better describe the characteristics of the channel, so in this paper
we use RMSD to analyze the spectrum map.
In this study, RMSD is introduced to analyze the spectrum map with standard deviation (SD), another statistic. Every
impulse in the spectrum map of voice is used to compute both RMDS and SD, and each speech sample will be described as
a point in the RMSD-SD graph.
By employing the support vector machine (SVM), the points in the RMSD-SD graph can be divided into two parts.
2.2. SVM principle
Suppose we have an original dataset {xi, yi}, xi ∈ Rd, yi ∈ {+1,−1}, i = 1, . . . ,M . A separating hyperplane separates
the positive from the negative sub-datasets. The points xi which lie on the hyperplane satisfyw·xi+b = 0,wherew is normal
to the hyperplane, |b|/‖w‖ is the perpendicular distance from the origin to the hyperplane, and ‖w‖ is the Euclidean norm
ofw. Let d+ and d− be the shortest distance from the separating hyperplane to the closest positive data point and negative
data point, respectively. The margin of a separating hyperplane is defined as d+ + d−. In the linear-separable case, all the
data points satisfy the following constraints:
xi · w + b ≥ +1 for yi = +1 (5)
xi · w + b ≤ −1 for yi = −1. (6)
These can be combined into one set of inequalities
yi(xi · w + b)− 1 ≥ 0 ∀i. (7)
Clearly, the data points, which lie on the hyperplane H1 : w · xi + b = 1, have a perpendicular distance |1 − b|/‖w‖ from
the origin. Similarly, the data points, which lie on the hyperplane H2 : w · xi + b = −1, have a perpendicular distance
|−1− b|/‖w‖ from the origin. Hence the margin is simply 2/‖w‖. Therefore we can find an optimal separating hyperplane
which has the largest margin by minimizing ‖w‖2, subject to constraints (7).
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The data points which lie on the hyperplaneH1 orH2 are called support vectors. Their removal would change the solution
found. This problemcannowbe solved through a Lagrangian formulation by introducing nonnegative Lagrangianmultipliers
αi, i = 1, . . . ,M , for each of the inequality constraints (7). The Lagrangian takes the form of
Lp = 12‖w‖
2 −
M−
i=1
αiyi(xi · w + b)+
M−
i=1
αi. (8)
By taking the gradient of Lp with respect tow and b vanishing gives the outcomes:
w =
M−
i=1
αiyixi (9)
M−
i=1
αiyi = 0, αi ≥ 0, i = 1, . . . ,M. (10)
Substituting Eqs. (9) and (10) into Eq. (8) gives
LD =
M−
i=1
αi − 12
M−
i=1,j=1
αiαjyiyjxixj. (11)
Maximizing Eq. (11) under the constraints (10) is a concave quadratic programming problem. If the dataset is linear-
separable, the global optimal solution αi, i = 1, . . . ,M , can be found. Then the boundary decision function is given by
D(x) =
−
i∈is
αiyixi · x+ b (12)
where, is is the set of support vector indexes, and b is given by
b = yi − w · xi, i ∈ is. (13)
To tackle the linear-inseparable problems, the SVM can be extended by incorporating slack variables and kernel tricks.
The nonnegative slack variables determine the tradeoff between the maximization of the margin and minimization of the
classification error. The kernel tricks use the nonlinear vector function g(x) tomap the original dataset into the higher feature
space, therefore, the linear decision function in the feature space can be given by
D(x) = w · g(x)+ b
=
−
i∈is
αiyig(xi) · g(x)+ b =
−
i∈is
αiyiH(xi, x)+ b (14)
where,H(xi, x) is theMercer kernel. The advantageous property of using the kernel trick is that the high dimensional feature
space can be treated implicitly by calculating H(xi, x) instead of g(xi)g(x).
As one of linear classifiers, SVM differs from others by its largest margin and the simplest form among others. The
optimal separation hyperplane is determined to maximize the generalization ability in the SVM. However, because most
real world problems are not always linear-separable, the SVM introduces kernel tricks to deal with the linear-inseparable
problems. Therefore, a linear-inseparable problem in original data space can be completely transformed into a linear-
separable problem in high dimensional feature space in theory.
Speech sampleswith the same state, patient or health, will be distributed into different areas in the graph. Therefore, new
speech samples can be diagnosed to be polypus or not by checking out where the corresponding point is in the RMSD-SD
graph.
2.3. Channel statistical characteristics
Definition 2.1 (RootMean Square Delay Spread). Inwireless communicationmulti-path channel, the rootmean square delay
spread (RMSD) is a parameter which represents the effective duration of channel impulse response. RMSD can be given
as (15):
τrms =

N∑
n=1
τ 2n |an|2
G
−

N∑
n=1
τn|an|2
G

2
, (15)
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where, τrms represents the RMSD. τn and an represents the time delay and gain of the nth path independently. G is the total
multi-path gain, which can be obtained by (16).
G =
N−
n=1
|an|2. (16)
RMSD is the basic parameter for receiver to determine whether Inter Symbol Interference (ISI) exists or not. When τn
increases, τrms increases; also, when τn decreases, τrms gets smaller. In the study of the spectrum map of speech samples,
instead of the time delay, we mainly focus on the frequency delay. Therefore, (2) can be transformed into (4):
τrms =

N∑
n=1
(1f )2n|an|2
G
−

N∑
n=1
(1f )n|an|2
G

2
. (17)
Here, we continue using τrms to define the frequency delay in our work. (1f )n and an represent the frequency delay and
amplitude of the nth frequency line, respectively. G can be obtained by Eq. (16). Thus, the same as RMSD in the time domain,
when there are more frequency lines, which means the total power of vocal cord vibration gets dispersed, or the frequency
delay1f gets larger, which may result by the movement of the fundamental frequency, τrms increases, and vice versa.
Definition 2.2 (Standard Deviation). To analyze the vibration of frequency lines in spectrum map, as another statistical
characteristic, standard deviation is introduced in this study, which is given by (5).
σ = 1
N
N−
n=1

fn − 1N
N−
n=1
fn
2
, (18)
where, fn represents the nth frequency line. N represents the number of frequency lines in spectrum graph.
3. Fuzzy logic system for polypus patient diagnosis
3.1. Overview of fuzzy logic systems
A fuzzy logic system (FLS) includes fuzzifier, rules, inference engine, and defuzzifier [11]. When an input is applied to a
FLS, the inference engine computes the output set corresponding to each rule. The defuzzifer then computes a crisp output
from these rule output sets. Consider a p-input 1-output FLS, using singleton fuzzification, center-of-sets defuzzification [12]
and ‘‘IF–THEN’’ rules of the form:
Rule 3.1.
IF x1 is F l1 and x2 is F
l
2 and, . . . , and xp is F
l
p,
THEN y is Gl.
Assuming singleton fuzzification, when an input x′ = {x′1, . . . , x′p} is applied, the degree of firing corresponding to the
lth rule is computed as
µF l(x
′) = µF l1(x
′
1) ∗ µF l2(x
′
2) ∗ · · · ∗ µF lp(x′p) = T
p
i=1µF li (x
′
i), (19)
where T denotes the t-norm (we use product operation in this paper). There are many kinds of defuzzifiers. In this paper,
we focus, for illustrative purposes, on the center-of-sets defuzzifier [12]. It computes a crisp output for the FLS by first
computing the centroid, C lG, of every consequent set G
l, and, then computing a weighted average of these centroids. The
weight corresponding to the lth rule consequent centroid is the degree of firing associated with the lth rule, T pi=1µF li (x
′
i), so
that
ycos(x′) =
M∑
l=1
CGlT
p
i=1µF li (x
′
i)
M∑
l=1
T pi=1µF li (x
′
i)
, (20)
whereM is the number of rules in the FLS.
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Fig. 2. The comparison of polypus patients and healthy people.
In this paper, we design a FLS for polypus patient detection.
3.2. Analysis with single vowel
With only one vowel, the RMSD-SD graph is given as Fig. 2, which gives the comparison of speech samples between
patients with polypus and healthy people. Both vowels /a:/ and /i:/ are studied separately, and illustrated by different marks
in the graph.
From Fig. 2, it is clear that although some of the samples from polypus patients can be distinguished from healthy people,
there are also ill samples involving healthy ones, especially for the vowel /i:/. This results in a difficulty to perform the SVM
among the points.
3.3. Fuzzy rules design
We use SD(σ ) and RMSD(τ ) and information in /a:/ and /i:/ to construct the antecedents in FLS. We design a fuzzy logic
system using rules such as:
Rule 3.2.
IF the x1(σa, τa) of /a:/ from the patient is F l1, and the x2(σi, τi) of /i:/ from the patient is F
l
2,
THEN this patient isw1
where F l1 and F
l
2 (l = 1, 2, . . . ,M) are 2-D Gaussian membership functions which are determined by the known patients
/a:/ and /i:/ voice sample; andwl is+1 for polypus patient and−1 for healthy patient. The 2-D Gaussian function has mean
valuesmli(σ , τ ) and standard deviationΛ
l
i

σσ 0
0 στ

.
4. Performance evaluation and analysis
We have 12 patients, of which 4 have throat polyps and the other 8 are healthy (no throat polyps). Based on the vowel
samples from these 12 patients,we determined themean values of the 2-DGaussian,which are plotted in Fig. 2. The standard
deviations of the 2-DGaussian are also determinedbased on thedata from the12patients. Based on the FLSwehavedesigned
and the defuzzifier in (6), we could obtain the output from FLS. If the output is greater than 0, then the patient has throat
polyps; and he/she has no polyps if the output is less than 0. Based on different inputs, x1(σn, τn) and x1(σn, τn) we could
compute y(σi, τi, σi, τi) using (6). Since we have 4 variables, (σi, τi, σa, τa), it is impossible to show the nonlinear surface,
so we fixed two variables, and plot the output of the FLS versus the other two variables. In Figs. 3–5, we plot the output of
FLS versus (σi, τi) when we fix (σa, τa). Similarly, in Figs. 6–8, we plot the output of FLS versus (σa, τa) when we fix (σi, τi).
Observe in these figures, that the patient will be detected to have throat polyps if the output is greater than 0. Based on
our FLS, we evaluated the 12 patients, and obtained the probability of miss detection, and probability of false alarm rate.
The probability of miss detection means in a patient who has throat polyps, what is the probability that this patient will
be claimed as ‘‘no throat polyps?’’ The probability of false alarm rate means when a patient having no throat polyps, what
is the probability that this patient will be claimed as ‘‘has throat polyps?’’ Based on our simulation, we obtained that the
probability of miss detection as 25%, and the probability of false alarm rate as 0%, which means if a patient is healthy, he or
she will never be claimed as having throat polyps.
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Fig. 3. Output of FLS y(σi, τi, σa = 7, τa = 200).
Fig. 4. Output of FLS y(σi, τi, σa = 7, τa = 500).
Fig. 5. Output of FLS y(σi, τi, σa = 10, τa = 200).
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Fig. 6. Output of FLS y(σi = 4, τi = 100, σa, τa).
Fig. 7. Output of FLS y(σi = 4, τi = 300, σa, τa).
Fig. 8. Output of FLS y(σi = 5, τi = 400, σa, τa).
5. Conclusions
To distinguish the polypus patients, the spectrum map of the speech samples was used to analyze. Compared the
spectrummapwithwireless communication channel impulse response, statistical characteristic RMSD and SD are employed
to describe the speech frequency domain characteristic. A fuzzy logic system was used to make polypus patient diagnosis.
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RMSDand SD are used as two antecedents, and fuzzy rules are designed based on the datawe collected frompolypus patients
and normal people. Based on the real data, we demonstrated that the FLS could be used in polypus patients’ diagnosis with
very low probability of miss detection and 0% false alarm rate.
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